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Abstract
Accurate predictions of pKa values of titratable groups require taking into account all relevant
processes associated with the ionization/deionization. Frequently, however, the ionization does not
involve significant structural changes and the dominating effects are purely electrostatic in origin
allowing accurate predictions to be made based on the electrostatic energy difference between
ionized and neutral forms alone using a static structure. On another hand, if the change of the
charge state is accompanied by a structural reorganization of the target protein, then the relevant
conformational changes have to be taken into account in the pKa calculations. Here we report a
hybrid approach that first predicts the titratable groups, which ionization is expected to cause
conformational changes, termed “problematic” residues, then applies a special protocol on them,
while the rest of the pKa’s are predicted with rigid backbone approach as implemented in multiconformation continuum electrostatics (MCCE) method. The backbone representative
conformations for “problematic” groups are generated with either molecular dynamics simulations
with charged and uncharged amino acid or with ab-initio local segment modeling. The
corresponding ensembles are then used to calculate the pKa of the “problematic” residues and then
the results are averaged.
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INTRODUCTION
Ionizable groups are essential for structure, function and interactions of proteins 1–3. They
are frequently involved in catalysis and are responsible for acidic/basic protein unfolding
and for the pH-dependence of a variety of biological reactions 4–10. Because of this, an
accurate prediction of pKa’s of ionizable groups is crucial for successful modeling of
virtually all biological processes 11,12 and further development of new, more precise
methods for computing pKa’s is highly desirable as outlined in the last pKa-cooperative
meeting (Telluride, June 4–7, 2009).
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Current methods have reached an average accuracy (average RMSD or STE) of less than 1
pH unit benchmarked on large datasets of experimentally determined pKa values (as for
example the collections available from http://www.sci.ccny.cuny.edu/~mcce/,
http://www.jenner.ac.uk/PPD/13 and reported in a number of benchmarking papers 14,15).
However, until recently, the benchmarking databases were predominantly made of pKa
values of surface exposed ionizable groups. Almost all methods are quite successful in
predicting such pKa’s15. However, an analysis of the prominent failures shows that the most
“problematic” are the predictions of pKa’s of buried amino acids. Recently, the list of
experimentally available pKa values was greatly expanded due to the work performed in Dr.
Garcia-Moreno’s lab 16–19. The importance of such an enrichment is that most of the pKa’s
were determined for amino acids buried in the hydrophobic core of Staphylococcus
Nuclease (SNase) and thus correcting the population ratio of surface versus buried groups
and providing a better benchmarking set. The first pKa-cooperative round, which is covered
by this special issue, indicated that none of the existing methods can predict these pKa’s
with the same level of accuracy (less than 1 pH unit) as they did in the past if benchmarked
on databases overly populated by pKa’s of surface-exposed ionizable groups.
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All pKa methods utilize structural information, as provided by the corresponding protein
data bank (PDB) file, along with some energy calculations to make the pKa predictions.
However, the corresponding PDB file represents the structure of the target protein at a
specific ionization state as some titratable groups being ionized while others being neutral.
At the same time, the ionization of a given amino acid dramatically changes its interactions
with the water phase and other charges within the protein. While an ionization of a surface
amino acid may not affect protein stability due to water screening, an ionization of a buried
or semi-buried group in a non-polar environment could, in principle, reduce protein stability
by more than several tens of kcal/mol. Such an energy change is comparable with typical
folding free energy and could cause partial unfolding or significant structural changes 20–24.
Any attempt to predict the pKa value of such a group using a static 3D structure,
corresponding to either an ionized or neutral state of the group, will be potentially wrong
and will overestimate the pKa shift. Taking into account the structural relaxation explicitly
or implicitly (by assigning large dielectric constant for the protein 25,26 or even more
sophisticated dielectric distribution 27,28) will reduce the energy difference between ionized
and neutral states and will result in better pKa predictions.
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Here we emphasize on the importance that for accurate pKa predictions the methods have to
be able to access such induced structural rearrangements. This is expected to be done by the
methods allowing backbone structural changes to accompany the calculations of the pKa’s,
for example constant pH molecular dynamics simulations 29–34. Here we report two
alternative approaches: (1) generating representative conformations with MD, keeping the
charged states constant and (2) generating representative conformations with local ab-initio
sampling. In both cases, two representative ensembles of structures are generated, each
representing the charged and uncharged states of the corresponding “problematic” amino
acid.
Another important aspect of pKa calculations utilizing an ensemble of structures, rather than
a static structure, is the treatment of the reorganization energy, i.e. the work that has to be
done to change the conformation states from a neutral to an ionized charge state of the
“problematic” group of interest. Following the previous work of Baptista and coworkers 35,
we argue that reorganization energy is a secondary effect and can be omitted. Instead, the
pKa value can be predicted as an average of the pKa’s obtained by the corresponding
representative structures.
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The protocol that we used to generate our predictions for pKa-cooperative rounds roughly
can be divided into three steps: (a) identification of “problematic” groups; (b) generation of
representative structures for both ionized and neural states of the problematic group and (c)
calculating the pKa of the problematic group using the representative structures and making
the predictions. Below we describe the details of these steps.
Predicting “problematic” groups
The initial screening was done by applying default settings and running MCCE on the
corresponding structure of SNase, wild type or in silico generated mutants (see pKacooperative webpage for details). The dielectric constant of the protein was kept low,
εp=4.0. At such parameters, the MCCE was shown to be very accurate if benchmarked on
“standard” dataset of experimentally determined pKa’s 36. However, the very same protocol,
applied on the pKa’s listed for pKa-cooperative initiative, resulted in many predicted pKa
shifts of more than 5 pH units with respect to the standard solution pKa values. The
“problematic” residues were predicted as residues satisfying two criteria:
a.

Rigid backbone structure MCCE calculations with a low protein dielectric constant
predict pKa shift larger than 5 pH units.
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b. Structural analysis reveals no strong hydrogen bonds supporting the ionized form
of the corresponding residue.
Generating alternative backbone structures with MD simulations
The corresponding 3D structure with ionizable group predicted to be “problematic” was
subjected to MD simulations using TINKER package 37. Two sets of simulations per
“problematic” group were done, a run with a “problematic” charged residue (charge state,
CS) and a run with an uncharged form (neutral state, NS). The water phase was modeled
with the Still Generalized Born model 38. The reason for choosing implicit solvent
presentation is to enhance the sampling and to avoid the friction between protein and water
molecules with the goal of exploring larger conformation changes than the modeling with
explicit waters. The first step in the protocol was to relax plausible steric clashes, especially
for structures with in silico generated mutations. Thus, the initial structures were relaxed
with a 200-step minimization performing the Limited Memory BFGS Quasi-Newton
Optimization algorithm 37. The minimized structures were then subjected to 2 ns MD
simulations using the dynamic.x module of TINKER. The snapshots were collected after the
initial equilibration phase of 0.1 ns in intervals of 100 ps.
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Generating alternative backbone structures with local ab-initio modeling
Some structural changes may not be easily sampled by the standard, and relatively short,
MD simulations described above. As an alternative to the MD simulations, we applied local
ab-initio structural modeling. This was motivated by the analysis of the results from MD
simulations performed on selected sets of SNase mutants and carried over longer simulation
times. The analysis indicated that the overall 3D structure of SNase is very stable and does
not change by much during the simulation time. However, the side chain of a buried charged
group tries to make its way out of the hydrophobic core and to get exposed (either fully or
partially) to the water phase. Two distinctive mechanisms were observed: (a) short side
chains, as Asp or Glu, if originally pointing toward hydrophobic core of the protein, bend
themselves toward the water phase and cause distortion of their own backbone structure and
the backbone structure of neighboring residues; and (b) long side chains, as Lys and Arg, if
pointing toward the hydrophobic core of the SNase, tend to adopt extended conformations
and perturb the backbone structure of the residues obscuring their exposure to the water
Proteins. Author manuscript; available in PMC 2012 December 01.
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while not causing any conformational change of their own backbone. These observations
were used to apply two protocols for generating alternative backbone conformations. The
local ab-initio segments modeling was done with the LOOPY program 39, developed in
Barry Honig’s lab. Default parameters were used. LOOPY generates a 3D structure of a
structural segment provided that the endpoints are known. In the calculation protocol, the
“problematic” residues were considered to be charged.
a.

Approach toward short side chain residues. The alternative backbone
conformations associated with Asp and Glu predicted to be “problematic” residues
were generated in the following fashion. The original PDB structure was modified
by deleting amino acid segments of length seven (other lengths were explored as
well) centered on the “problematic” residue. The sequence card in the PDB file
header was kept unchanged. The structure with deleted segment was then subjected
to LOOPY and the missing segment was generated ab-initio. The sequence content
was taken from the sequence card (note that in case of in silico generated mutants,
the sequence card was originally changed to include the mutation). To generate
more than one prediction, different options of LOOPY were explored (as for
example, all atoms versus heavy atoms only). These alternative backbone structures
were considered to represent the ionized ensemble (CS) of the “problematic”
group.
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b. Approach toward long side chain residues. By visual inspection, we identified
structural segments that prevent the titratable atom(s) to be exposed to the water.
Secondary structure elements as helices and beta strands were avoided. It was
motivated by the intention to keep SNase structure intact, while allowing for
structural changes associated with loops. At the same time, extended loop
conformations in the original PDB file were avoided as well, since ab-initio
predictions in such cases result in very similar 3D structures. More than one
alternative structures were generated by varying the segment length from five up to
nine amino acids and/or picking up different loops.
Predicting pKa’s of “problematic” groups
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In principle, if the endpoint structures are available, i.e. the ensemble of structures
representing charged and uncharged states of a particular titratable group, one can calculate
the free energy difference between the charged and uncharged states and predict the
corresponding pKa. The result is independent of the transition path since we are interested in
the equilibrium process. However, estimating the absolute free energy of an ensemble of
alternative backbone structures is not a trivial task and frequently results in errors larger than
expected pKa shifts. To avoid such cases and to keep our protocol simple, we adopted the
approach that was originally developed by Baptista and coworkers 35 and reflecting the
approaches described by Warshel and coworkers 40,41. Essentially the approach claims that
the reorganization energy for achieving the transition from a charged to uncharged state is of
secondary order and can be omitted from the pKa predictions (for more details see original
work of Baptista and coworkers (Ref 35, supplementary material). Thus, the pKa’s were
calculated as:

(1)

where pKa,i are the pKa’s calculated using the corresponding alternative “i” structure. N is
the number of alternative structures, evenly split between representatives of charged (CS)
and uncharged (NS) states.
Proteins. Author manuscript; available in PMC 2012 December 01.
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For the purposes of the pKa-cooperative, the titration curves were generated as the mean of
the fractional ionization (qi(pH)) calculated with each representative structures as:
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(2)

This approach presumes that representative structures, i.e. their free energies, obey a
Boltzmann distribution of states. While this perhaps is a reasonable assumption for the
structures generated with MD (although it can be debated how long the MD simulations
should be and what should be the technique used for sampling), it is not obvious that this is
the case for an ab-initio segment modeling protocol. In addition, the alternative structures
generated (N) with an ab-initio protocol are much less than those generated with MD. These
are inherent limitations associated with an ab-initio segment modeling approach.

RESULTS AND DISCUSSION
Here we present the results of our predictions first providing a detailed analysis of several
cases and then reporting our results for the entire set of pKa’s of SNase mutants.
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Analysis of the mutants at site 66
All mutants (D, E and K) introduced at these sites were predicted to be “problematic”
residues. The pKa’s calculated with original PDB structures are provided in the
supplementary material and they all are predicted to be shifted by more than 5 pH units. In
addition, structural analysis showed that neither of the mutated residues makes strong
hydrogen bonds with protein moiety. Because of this, all structures with a mutant introduced
at the above sites were subjected to either MD simulation or to ab-initio segment prediction.
The results are discussed below, per each substitution.

NIH-PA Author Manuscript

(a) V66→D—2 ns simulations were done and snap shots were collected each 0.1 ns. We
confirm other researchers’ observation 21,42,43 that the turn of the helix where Asp66 resides
undergoes slight unfolding letting Asp66 side chain to be exposed to the water phase. This
conformational change was found to occur in both MD simulations, with charged and
uncharged Asp66. The corresponding 2×20 snap shot structures were subjected to MCCE to
calculate the pKa of Asp66. Results are shown in Fig. 1 separately for snap shots obtained
with Asp66 ionized and uncharged, as well as for pKa’s averaged among these two. The
lines connecting data points are to guide the eye only. In terms of conformational changes,
the MD simulations were capable of generating conformations that expose the side chain of
Asp66 to the water phase. It takes less than several hundred ps. Once the Asp66 side chain
gets exposed to the water, the desolvation penalty reduces dramatically and the calculated
pKa’s are very close to unperturbed (solution) pKa’s (Fig. 1). While the predicted pKa’s are
still away from the experimental value of 8.7 and the pKa shifts are under predicted, the
results indicate the potential of generating alternative backbone conformations, since
without such conformations, the pKa of Asp66 was predicted to be extremely high (pKa >
11.0, see supplementary materials). Applying eq. (1), one gets pKa = 3.12.
(b) V66→E—The MD simulations predicted different effects with Glu66 charged and
uncharged (Fig. 2). It takes more than 0.1 ns for the side chain of charged Glu66 to get out
from the hydrophobic pocket and to be exposed to the water phase. This conformational
change is accomplished by the same mechanism as in the case of Asp66, resulting in a
partial unfolding of the helix where Glu66 is situated. However, the MD simulations with
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uncharged Glu66 predicted no significant structural changes and the side chain of Glu66
remained inside the hydrophobic pocket. Figure 2 shows a superimposition of the X-ray
structure (white), the snap shots at t=0.2ns (blue) and t=0.4ns (green) with charged Glu66,
and the same (t=0.2ns, red and t=0.4ns, orange) for uncharged Glu66. It can be seen that the
uncharged Glu66 side chain stays in the core of the protein. The corresponding snap shot
structures were also subjected to MCCE calculations and the results are shown in Fig. 3. The
pKa’s calculated with snap shots obtained with ionized Glu66 are drastically different from
those obtained with neutral Glu66. Interestingly, the average pKa stays close to the
experimental value. This is a particular example of successful pKa calculations with
alternative backbone conformations, especially keeping in mind that the pKa of Glu66 was
outside the range if calculated with original structure (see supplementary material, pKa >
14.0). Two distinctive conformations were generated; a conformation with Glu66 side chain
exposed to the water phase representing the charged state of Glu66, and a conformation with
Glu66 side chain still being in the hydrophobic core of the protein representing the neutral
state of Glu66. Applying eq. (1) results in a pKa = 7.57.

NIH-PA Author Manuscript

(c) V66→K—The protein remains very stable, the conformational changes are saddle and
the side chain of Lys66 (both charged and uncharged) remains buried in the hydrophobic
core of SNase until the simulation time reaches 1.2 ns. However, after 1.2 ns of simulation
time with charged Lys66, the beta sheet covering Lys66 undergoes a conformational change
letting the titratable atoms of Lys66 to be partially exposed to the water phase. The
corresponding MCCE calculations using these snap shots (t > 1.2 ns) resulted in an average
pKa of 4.8, very close to the experimental value of 5.6 (Fig. 4). This is another successful
example since the calculations with original structures resulted in pKa predictions smaller
than zero (see supplementary material, pKa < 0.0). However, the main problem is to figure
out what the threshold simulation time should be taken to collect pKa’s. Without knowledge
of the experimental pKa and applying eq. (1), one would predict a pKa=1.45, which
although being better than the static backbone pKa, is still far away from the experimental
value of 5.6.
Using random walk procedure to generate backbone alternative structures

NIH-PA Author Manuscript

Using the random walk (RW) method 43–45, we generated alternative backbone structures to
calculate titration curves and the corresponding pKa’s for V66 mutants of SNase. We
generated 20 structures per mutant out of which 10 structures represent the charged state
(CS) and the other 10 structures corresponding to neutral state (NS) of the amino acid of
interest. Each structure was independently subjected to MCCE calculations and the
corresponding titration curve calculated in the pH interval from 0.0 to 14.0. Below we
present the results for each mutant and compare them with those obtained with structures
generated with standard MD simulations and GB solvation model.
(a) V66→D—The first question to address is how different the structures representing CS
and NS are. Analysis of the RW structures confirmed previous observations that the
structural changes are mostly localized around the mutation site. The overall Ca RMSD
varies among the mutants but in most cases stays within 1–2 Å. However, a dramatic
structural difference in CS is observed near the mutation site associated either with the
secondary structure element where the mutation site is or with structural segments covering
it. In the supplementary material, we demonstrate the difference between CS and NS by
showing titration curves calculated with the corresponding structures (Fig. 1S). The titration
curves shown in red were obtained using structures corresponding to CS while the green
curves represent the same calculations using the NS structures. It can be seen that red and
green curves are clustered and if used independently will result in quite different pKa’s, each
either too low or too high compared with the experimental value of 8.1. However, if we

Proteins. Author manuscript; available in PMC 2012 December 01.
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apply the methodology of averaging over the titration curves as described in the proposal,
the resulting titration curve and the corresponding pKa are similar to experimental data (red
curve in Fig. 5). Figure 5 shows the averaged titration curve using RW generated alternative
backbone structures and for comparison the same done using MD generated structures. In
this particular case, the RW generated structures resulted in better pKa prediction. An
analysis of the 3D structures showed that the main reason is that of the structures
representing NS. The MD generated NS structures resulted in Asp66 side chain almost
completely exposed to the water phase, while in the RW generated NS structures the side
chain of Asp66 was almost completely buried. This caused the titration curves calculated
with RW generated NS structures to be shifted to high pH and thus compensating for the
low pH shift of titration curves calculated with CS structures (see Fig.1). As a result, the
averaged titration curve calculated with RW structures is 7.2, very close to the experimental
value of 8.1, and thus outperforming in terms of pKa calculations, the MD generated
ensemble. At the same time, it is interesting to mention, that the pKa calculations with the
RW combined with full energy integration reported by Yang and coworkers resulted in a
pKa = 7.6 43, a value very close to the pKa reported in this work, pKa of 7.2.
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(b) V66→E—In this case, the RW generated 3D structures resulted in titration curves
shifted to low a pH compared with the titration curves calculated with an MD generated
ensemble. Predicted pKa’s are 5.1 and 7.3, respectively, and the experimental value is 8.5.
An analysis of the structures showed that the main reason for the underperformance of RWbased calculations is the structural ensemble of NS, in which the side chain of Glu66 is
almost fully solvated.
(c) V66→K—The predicted pKa of Lys66 using RW generated structures is 7.4, which is
reasonably close to the experimental value of 5.6. At the same time, the pKa of 4.8 with MD
generated structures is delivered using the last snap shots only. If we were to average all MD
obtained titration curves, the pKa would be much lower (see Fig. 4).
The above comparison of the results obtained with MD versus RW generated structures
indicates the importance of generating appropriate alternative conformations. It was found
that if the general structural feature among MD and RW generated structures are similar, the
resulting titration curves are similar as well.
Example of results obtained with ab-initio segment modeling
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In twenty nine cases the MD generated conformations were very close to the initial structure
and thus did not provide enough structural variation to improve rigid backbone predictions.
A typical example is the L36K mutant for which our initial calculations resulted in pKa=0.1,
which is 7.1 pH units away from the experimental value (pKa(exp)=7.2). The side chain of
Lys36 points directly to the hydrophobic core of SNase and does not have any hydrogen
acceptors in the vicinity of the titratable group. The desolvation penalty, calculated with a
low dielectric constant of εp = 4 is huge, resulting in predictions that Lys36 is deprotonated
in the entire pH range. Our attempts to generate alternative structures with MD while
keeping Lys36 charged were unsuccessful. During the simulations, the structure remained
very stable and practically did not change. Structural analysis revealed that the Lys36
titratable group can, in principle, be hydrated if the structural segments shielding it from the
water change their conformation. The loop connecting beta-strand four and helix two is an
obvious candidate for structural remodeling. Thus, the segment which was modeled ab-initio
comprised of residues 84 to 94 (including the end of beta-strand four). It can be seen (Fig. 8)
that such a remodeling opens a cleft that partially hydrates the side chain of Lys36 and
greatly reduces the desolvation penalty. This alternative structure was used as a
representative of the structural ensemble of the charged state (CS) of Lys36. The
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corresponding pKa calculations resulted in pKa = 5.7, which is much better than the original
prediction made with the rigid backbone structure.
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General analysis of all predictions
We submitted 94 × 2 = 184 titration curves to the pKa-cooperative. They were calculated as
explained in the method section, using eq. (2). The first set of predictions was made by
taking the “mean” of the corresponding average occupancy <qi> at a particular pH (pH=0 to
14, in 1 pH unit intervals), while the second set was made by taking the “median”. This
resulted in titration curves with different shapes, but did not affect the predicted pKa’s by
much. Among the final predictions, 65 were made with MD generated alternative structures
and 29 with in-silico generated alternative backbone conformations. However, in this paper
we summarize the results reported on the pKa-cooperative meeting, which were entirely
predicted with the MD protocol. In addition, only “non restricted”, publicly available
experimental pKa’s, are benchmarked in order to provide estimation of the quality of
predictions per residue type.
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In Fig. 2S in supplementary material we show the ΔpKa=|pKa(experiment)-pKa(calc)| for
19 “non restricted” cases. The corresponding RMSDs are: RMSD(all) = 3.14; RMSD(Lys)=
3.82; RMSD(Glu) = 2.04; RMSD(ARG) = 1.46 and RMSD(Asp) = 1.17 in pK units. Figure
2S and the above RMSDs indicate that most difficult to predict are the pKa’s of Lys residue,
while the pKa’s short side chain residue Asp are calculated with accuracy similar to the
accuracy obtained if benchmarked on “standard” pKa’s database. The main reason for that is
that the required conformational changes to expose the titratable group to the water phase
are easier to achieve for short side chains using MD simulations, while longer side chains as
Lys takes much longer simulation time. Even is some cases, as discussed above, simulation
time of 2ns is not enough to solvate Lys side chain. The Arg side chains are longer than Lys,
but are predicted with better accuracy. Perhaps this is related to the overall size of SNase
molecule, which is relatively small protein and because of that a buried Arg side chain can
relatively easy make its way out from the hydrophobic core by small structural perturbation
of the structural segment which obscures it from the water.

CONCLUSION
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The approach described in the manuscript, the hybrid approach, offers a significant
improvement over the pKa calculations using static backbone structure. Without backbone
relaxation, the vast majority of the predictions for the pKa-cooperative set of experimental
pKa’s resulted in pKa shifts more than 5 pH units, grossly overestimating experimental data.
Accounting for plausible backbone reorganization, either with MD simulations or with abinitio segment modeling, resulted in much better predictions, as pointed out in the main
body of the manuscript. One of the main advantages of the hybrid approach is that it retains
the speed and simplicity of original MCCE algorithm for the predictions of pKa’s of groups
that are not “problematic”, which is frequently the case, and at the same time, improves the
predictions for “problematic” residues with relatively small computational cost. In addition,
while keeping the protocol relatively simple and fast, the hybrid approach offers a structural
explanation of the effects associated with the pKa shifts of “problematic” groups.
However, despite of the success of the hybrid method, there are still cases for which we
were unable to make reasonable predictions, since neither the MD nor the ab-initio sampling
managed to expose (at least partially) the originally buried titratable group to the water
phase. Such cases require either more enhanced sampling techniques or ab-initio modeling
including longer structural segments and perhaps including helix and beta strand modeling
as well. Another unresolved issue is associated with over relaxation, resulting in predictions
of very small pKa shifts while experimental data indicates pKa shifts of several pH units.
Proteins. Author manuscript; available in PMC 2012 December 01.
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This problem indicates that additional considerations should be taken for some groups,
perhaps, including friction in the MD simulations or reducing the sampling space in the abinitio modeling. Obviously, some criterion needs to be developed to distinguish between
these two cases, i.e. the cases requiring larger or smaller conformational changes, and such
residues should be subjected to different protocols.

Supplementary Material
Refer to Web version on PubMed Central for supplementary material.
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Fig. 1.

Calculated pKa’s for V66D mutant of SNase as a function of the MD simulation time. The
experimental pKa is shown as a solid line.
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Fig. 2.

Superimposed snap shot structures of V66E mutant in ribbon presentation. The side chain of
Glu66 is shown in stick presentation. The X-ray structure is shown in white, the color
scheme for snap shots with charged Glu66 at t=0.2ns (blue) and t=0.4ns (green) and with
uncharged Glu66 at=0.2ns (red) and t=0.4ns (orange).
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Fig. 3.

Calculated pKa’s for V66E mutant of SNase as a function of the MD simulation time. The
experimental pKa is shown as a solid line.
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Fig. 4.

Calculated pKa’s for V66K mutant of SNase as a function of the MD simulation time. The
experimental pKa is shown as a solid line. The pKa’s calculated with NS ensemble is always
zero.
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Fig. 5.

The averaged titration curves obtained with structures generated with MD approach or with
random walk (RW) approach for V66Asp mutant.
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Fig. 6.

The averaged titration curves obtained with structures generated with MD approach or with
random walk (RW) approach for V66Glu mutant.
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Fig. 7.

The averaged titration curves obtained with structures generated with MD approach or with
random walk (RW) approach for V66Lys mutant. Only the last (t = 2ns) snap shot of the
MD simulations are taken into account.
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Fig. 8.

The wild type structure (PDB ID 3EJI) shown in white superimposed onto the modified
structure (green). The segment that was modeled ab-initio comprises of residues 84–95. The
Lys36 side chain is shown with ball-and-stick presentation.
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